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As many devices equipped with various sensors have recently proliferated, the fusion methods of various
information and data from different sources have been studied. Bayesian network is one of the popular
methods that solve this problem to cope with the uncertainty and imprecision. However, because a
monolithic Bayesian network has high computational and design complexities, it is hard to apply to
realistic problems. In this paper, we propose a modular Bayesian network system to extract context
information by cooperative inference of multiple modules, which guarantees reliable inference
compared to a monolithic Bayesian network without losing its strength like the easy management of
knowledge and scalability. The proposed method preserves inter-modular dependencies by virtual
linking and has lower computational complexity in complicated environments. The inter-modular
d-separation controls local information to be delivered only to relevant modules. We verify that the
proposed modular Bayesian network is enough to keep inter-modular causalities in a time-saving
manner. This paper shows a possibility that a context-aware system would be easily constructed by
mashing up Bayesian network fractions independently designed or leaned in different domains.
& 2015 Elsevier B.V. All rights reserved.
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1. Introduction
With the recent proliferation of devices with various sensors
like smartphone, the integration of information and knowledge
derived from different sources of data and evidence is an important problem. However, this problem accompanies uncertainty
and imprecision, for instance, lack of information, error in sensors,
and ambiguous meanings in criteria and assessments. Several
researchers have investigated efﬁcient techniques for managing and integrating various types of information in complex
decision-making situations. As one solution, Bayesian probabilistic
approach is widely adopted to solve these problems.
Bayesian network (BN) can respond ﬂexibly in complex situations
which involve high level of uncertainty. However, a monolithic
Bayesian network is hard to adopt in large scale domains because it
has high computational complexity in accordance with the scale of
domain. For these reasons, it is difﬁcult to apply on devices that are
limited in the computational power and resource. To cope with this
problem, there are two types of approach. One is to conduct additional procedure like junction tree algorithm. While this approach
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guarantees accurate calculation, it requires additional time. The other
is to design the model appropriately. In this way, despite that
modularity makes network easier to handle, it does not verify how
to maintain causalities between modules and how to evaluate all the
modules by minimizing its time complexity.
This paper proposes modular Bayesian networks (MBN) to
integrate different types of information for context-awareness.
To reduce the time complexity of MBN, the proposed method uses
the selective inference algorithm with virtual linking. This algorithm selects the modules that require re-inference and the
modules that do not require re-inference by using the previous
probability. The virtual linking method connects the modules
while maintaining the result of ﬁnal probability. Using this
method, the proposed MBN enables the integration of different
types of information on devices which have limited computing
power and resources. Experiments are conducted to verify the
accuracy and the time reduction of the proposed method.
The organization of this paper is as follows: Section 2 presents
the related studies of probabilistic approaches. Section 3 deﬁnes
the modular Bayesian networks and virtual linking method.
Section 4 proposes the selective inference method and Section 5
evaluates the accuracy and time of inference in MBN compared to
a monolithic BN to conﬁrm whether the MBN fully maintains the

S.-H. Lee et al. / Neurocomputing 163 (2015) 38–46

causalities and lessens the computation required. Section 6 concludes the paper with summary and future work.

2. Related works
2.1. Context-awareness using Bayesian network

39

between random variables in real-world problem. BN consists
of variables V and directed edges E ¼ ðV i; V j Þ, and where PaðV i Þ
indicates the set of parent nodes of V i , conditional probability
table P(V i ) deﬁnes the set of P ðV j PaðV i ÞÞ. Given the evidence
e ¼ fe1; e2;…; em g the posterior probability P ðV u j eÞ is calculated
by applying the chain rule as Eq. (1).
P ðV u j eÞ ¼ ∏P ðV u j PaðV u ÞÞ  e ¼ ∏PðV u j PaðV u ÞÞ ∏ ei

Many researchers have developed context-aware applications
based on a probabilistic approach. Ko et al. utilized Bayesian
network to recognize the user’s emotion [1]. They showed that
the probabilistic approach could be good enough to handle the
uncertain information because the EEG data have various noises. Ji
et al. proposed an active and dynamic information fusion method
for distributed multi-sensor system using dynamic Bayesian networks [2]. They showed that Bayesian network could be applied to
a monitoring system where continuous reasoning and diverse
information fusion are required. This work gave us glimpse about
how Bayesian network could handle, reason, and combine uncertain information in real world. Krause et al. utilized Bayesian
network to evaluate a user’s situation for providing proper
context-aware services [3]. Lifelog was collected from sensors on
mobile devices, and used to model several probabilistic modules
which classiﬁed user’s activity reﬂecting given user’s preferences.
Brogini and Slanzi used Bayesian network as a tool of explorative
analysis [4]. The Markov blanket of a variable is the minimal
conditioning set through which the variable is independent from
all the others. They used a theory to extract the relevant features
for constructing a decision tree. Nazerfard and Cook proposed an
activity prediction approach using Bayesian networks, utilizing a
novel two-step inference process to predict the next activity [5].
These studies successfully dealt with context information using
Bayesian probability model while they did not consider the
computational complexity of Bayesian network.
2.2. Bayesian network
Bayesian networks are models that express large probability
distributions with relatively small cost in statistical mechanics.
The structure is a directed acyclic graph (DAG) that represents the
link relationship of each node and includes conditional probability
table (CPT). It consists of two components: structure and parameters. The network can identify the structure and parameters
through learning algorithms using real-world data as well as
constructing it with expert’s domain knowledge.

 Deﬁnition 1 (Bayesian network). Bayesian network is a probabilistic graphical model that represents casual relationships

ð1Þ

ei A e

 Deﬁnition 2 (d-separation). The connections of the variables
have three types in BN: Serial connections, diverging connections, and converging connections [6]. Two distinct variables V i
and V j in a BN are d-separated if, for all paths between V i and
V j , there is an intermediate variable V k such that either the
connection is serial or diverging and V k is instantiated or the
connection is converging, and neither V k nor any of V 0k
descendants have received evidence.
The time complexity of Bayesian network can be calculated
using the Lauritzen Speifelhalter (LS) algorithm, as given in Eq. (2),
where n is the number of nodes, k is the maximum number of
parents for each node, r is the number of values for each node, and
w is the maximum clique [7].


3
CMPX ¼ Oðk nk þ wn2 þ wr w þ r w nÞ
ð2Þ

2.3. Reduction of computational complexity in Bayesian network
Table 1 summarizes the related works on reducing the computational complexity of BN, which includes the three approaches:
an approach to modularize the network, an approach to modify
the structure based on the dependency of nodes when the
network updates its probabilities, and an approach to reduce the
size of the conditional probability table. The Noisy-OR model was
proposed by Pearl [8]. This can compute the distributions required
for the CPT from a set of distributions, elicited from the expert, the
magnitude of which grows linearly with the number of parents.
Heckerman and Breese proposed an extended version of the
method called Noisy-MAX Gate [9]. This method showed a collection of conditional independence assertions and functional relationships and removed the representation of the uncertain
interactions between cause and effect.
Zhang et al. removed weak dependencies before inference [10].
The method evaluated the relation of each node with query node
and modiﬁed the structure of network through removing the
nodes and edges. Kjaerulff presented a method for reducing the
computational complexity through removal of weak depe-

Table 1
Related researches of reducing the computational complexity of BN.
Author

Modular
approach

Structure
modiﬁcation

CPT
modiﬁcation

Description

Pearl [8]
Heckerman and Breese
[9]
Zhang and Poole [10]
Kjaerulff [11]
Koller and Pfeffer [12]
Das [13]
Tu et al. [14]
Oude et al. [15]
Baker and Mendes [16]
Villanueva and Maciel
[17]
Zhang et al. [18]

X
X

X
X

O
O

Computing the distributions needed for the CPT from a set of distributions
Removing the uncertain interaction between causes and effects

X
X
O
X
O
O
X
X

O
O
X
X
X
X
X
O

X
X
X
O
X
X
O
X

Modifying the structure before inference
Removing weak dependencies before inference
Applying object concept to BN
Reducing conditional probability table using weighted-sum algorithm
Hybridization of BN and HMM for high, and low-level information, respectively
Hierarchical modular approach designed for multiple agents
Veriﬁcation of WSA and calculation method of weight
Two optimized constraint-based method for the task of super-structure estimation

X

O

X

Consideration of conditional independence tests and maximum information
coefﬁcient
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ndences [11]. Koller and Pfeffer proposed a method where BN is
applied to an object concept called OOBN [12]. This method used a
BN fragment to describe the probabilistic relations between the
attributes of an object. Das used the weighted-sum algorithm for
reducing the size of CPT [13]. The method constructed CPT by
considering compatibility of the parent’s nodes and conﬁgured the
inﬂuence weight that indicated the amount of inﬂuence on the
child node.
Tu et al. proposed a hybrid BN model that fused BN and hidden
Markov model (HMM) [14]. The model had a hierarchical structure, in the low-level raw data was processed by HMM and global
information was integrated in the high-level using BN. Local
information got from HMM was passed to BN as soft evidence. It
provided the extensibility of BN. However, the only one way
information ﬂow was allowed, and it was not very intuitive to
understand and apply in the problem set. Oude divided BN model
into several smaller multi-level modules and inferred each module
sequentially from the low level to the high level [15]. Its composition is similar to MBN, but it restricts the networks in hierarchical
structure. Baker and Mendes veriﬁed the weighted-sum algorithm
and devised a new method to calculate the weight [16]. Villanueva
and Maciel proposed a structure learning method for large BN’s
[17]. They presented two optimized constraint-based methods for
the task of super-structure estimation: the Optimized Zero-FirstOrder Super-Structure (Opt01SS) and the Optimized Hybrid Parents and Children (OptHPC). Zhang, et al. proposed a structure
learning method for greedy equivalent search (GES) [18]. They
designed the network based on conditional independence tests
and maximum information coefﬁcient. A new and general method
is highly needed which guarantees both extensibility and efﬁciency without losing the merits of probabilistic approach for
context-awareness.

3. Modular Bayesian networks

 Deﬁnition 4 (modular Bayesian networks). MBN Ώ consists of a



The relations between BN modules are deﬁned by extending
the concept of d-separation which has three types. Two modules
have sharing nodes with causative edge or incoming edges to the
modules. When the sharing node S sets hard evidence in serial
connections, diverging connections, two modules Ψ i and Ψ j are dseparated and deﬁned as Ψ i ? m Ψ j j S. ? m means that any changes
in Ψ i or Ψ j cannot affect the module connected. On the contrary,
modules with converging edges have d-separation relation when S
has no hard evidence, Ψ i ? m Ψ j . These relations are summarized
as Eq. (3).
∅i ? m ∅j j S ðserial or divergingÞ
∅i ? m ∅j ðconvergingÞ

ð3Þ

When a module is updated we can restrict the range of
modules to be re-inferred by the inter-modular relation. Due to
this reason, modular d-separation needs to be checked dynamically. This is done by updating module selector in the proposed
MBN system [19]. This modular Bayesian network was applied in
landmark detection with mobile devices and distributed multiple
sensor networks [20].

 Deﬁnition 6 (modular d-separation). Two modules, Ψ i and Ψ j ,

Modular Bayesian networks (MBN) is an extended version of
Bayesian network. MBN has the basic BN’s features such as dseparation [19] and increasing complexity as the growing number
of parent’s nodes. Besides, it is possible to apply BN’s inference or
learning algorithms to MBN without modiﬁcation. In MBN, however, it is more difﬁcult to keep dependencies between variables,
especially inter-modular causality due to its modular property. In
addition, a clever method is required in inference since updating
the whole MBN given small change of observation would take
considerable resources and time. To settle down these problems,
the system uses virtual linking and selective inference for MBN
which will be presented in Section 4. Inter-module causality is
preserved by virtual link between modules, and only the necessary
modules are taken into account in inference process. Before
delivering detailed method, clear deﬁnition and important feature
of MBN are described here. MBN works based on BN and consists
of multiple BN units (BN modules) which are connected with other
units according to their causality relationships. BN modules and
MBN are deﬁned as follows.

 Deﬁnition 3 (BN module). A BN module Ψ i ¼ ðGi ; P i Þ is a
Bayesian network represented by Gi ¼ ðV Ψ i ; EΨ i Þ where V Ψ i are
the set of random variables belonging to Gi , and EΨ i ¼ ðX; YÞ are
directed edges from X to Y X and Y are random variables
belonging to V Ψ i . Every BN module is modeled by the subset
V Ψ i of all set of random variables U that can be observed in the
BN model. The conditional probability table PðV Ψ i Þ in BN
modules has the same deﬁnition with P(V i ). The BN module
is a sub-graph of the monolithic BN.

2-tuple (Ψ , R) where Ψ represents all set of BN modules in Ώ
and R indicates the causality among BN modules.Let
 two
 BN

modules be deﬁned as Ψ i ¼ ððV i ; Ei Þ; P i Þ and Ψ j ¼ V j ; Ej ; P j ,
and  have the inﬂuence on each other. Then, a link
R ¼ f Ψ i; Ψ j j i a j; V i \ Vj a fg is created and able to affect
or be affected by deﬁning a sharing node.
Deﬁnition 5 (design criteria of MBN). There are four design
criteria of theMBN: (1) A pair of modules
isnon-symmetric. In

other words, Ψ i; Ψ j is not equal to Ψ j; Ψ i . (2) MBN does not
allow a circular loop to its own. (3) A pair of BN modules has at
least one shared variable. (4) MBN can be reelected the mutual
causality between the modules. That is, it is possible to change
the input and output modules depending on situation.



have modular d-separation relation when there is no connected
path π ¼ o Ψ i;:::; Ψ j 4 given the evidence set. When there is
more than one path, it is called as modular d-connection.
The research to increase the efﬁciency of BN is required to
apply the devices which have limited resource and computing
power. Park and Cho designed modular Bayesian networks
using the domain knowledge to provide robot services in
household environment [21]. This work used contexts of the
user and environment, and the service was provided through
the scenario database extracted from user proﬁle and designed
network.
The modular Bayesian network requires keeping the correct
causalities between variables in the monolithic Bayesian network. Because the proposed model is separated into several
modules which represent basic units, the system should
guarantee a way to retain inter-modular dependencies for
accurate inference. In the previous work, we devised a virtual
linking method as a way of maintaining causality which
facilitates communication between BN modules when the
sharing node has only two states [19]. In this paper, we extend
that the sharing node has more than two states and verify the
method.
Deﬁnition 7 (virtual linking). Virtual linking is a technique
which enables each BN module to convey its internal inference
results to the other connected modules. BN modules are
virtually linked when modules Ψi and Ψj have at least a sharing
node, S. The inference result of Ψi, Bel(Si)¼ {p1, p2,…, pn}, is
propagated to Ψj by coercing the initial probability of a node
Sj of Ψj in accordance with Bel(Si). The initial probability of

S.-H. Lee et al. / Neurocomputing 163 (2015) 38–46



a shared node in a module is controlled by utilizing a
virtual node.
Deﬁnition 8 (Virtual node). A virtual node is an auxiliary node
which is added on a network [9]. It sets virtual evidence which
has uncertainty associated with it. Virtual node V is linked to a
target node T as a child node, a causality from T to S. Probability
of V is set according to the target probability of T. Local
inference result of BN module can be passed to all other
modules by utilizing a virtual node. So, it is a crux of virtual
linking method to calculate the probability of virtual node
given target probability for a shared node. This calculation
process can be dealt with two cases: A shared node has two
states, or more than two states as represented in Fig. 1.

When a sharing node S between two modules has only two
states, the probability of a virtual node, which has only two states
“yes” and “no”, with hard evidence on “yes”, PðV ¼ yes j S ¼
si Þ ¼{ va , vb }, is computed as
va PðV ¼ yes j S ¼ sa Þ PðS ¼ sb Þ
¼
vb PðV ¼ yes j S ¼ sb Þ PðS ¼ sa Þ

ð4Þ

where PðV ¼ yes j S ¼ sa Þ and PðV ¼ yes j S ¼ sb Þare the target probabilities of S, and PðS ¼ sa Þ and PðS ¼ sb Þ are the initial probabilities
of S. The result of (4) is just a ratio rather than probability, so it
needs to be modulated by multiplying modulation coefﬁcient α
until both have the value ranging from 0 to 1.
Proof. When a virtual node V has the hard evidence on “yes”,
the probabilities of a shared node S with two states sa and sb are
deﬁned as (5) and (6) according to Bayes’ theorem.
P ðS ¼ sa j V ¼ yesÞ ¼

PðV ¼ yesj S ¼ sa ÞPðS ¼ sa Þ
PðV ¼ yesÞ

ð5Þ

P ðS ¼ sb j V ¼ yesÞ ¼

PðV ¼ yesj S ¼ sb ÞPðS ¼ sb Þ
PðV ¼ yesÞ

ð6Þ

These are transformed into (7) after dividing (5) by (6).
P ðS ¼ sa j V ¼ yesÞ PðV ¼ yesj S ¼ sa ÞPðS ¼ sa Þ
¼
P ðS ¼ sb j V ¼ yesÞ PðV ¼ yesj S ¼ sb ÞPðS ¼ sb Þ

ð7Þ

The left side has the probabilities we want to set on the shared
node and the probabilities on the virtual node are on the right
side. We can transform this further as follows.
PðV ¼ yes j S ¼ sa Þ PðS ¼ sa j V ¼ yesÞPðS ¼ sb Þ
¼
PðV ¼ yes j S ¼ sb Þ PðS ¼ sb j V ¼ yesÞPðS ¼ sa Þ

ð8Þ
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Eq. (8) corresponds to Eq. (4). So valid is this.
When a shared node has more than two states, probabilities of
a virtual node are computed differently. The calculation should be
extended in accordance with the number of the states of a shared
node. Let PI ¼ fi0 ; i1 ; …; in g be the initial probabilities of a shared
node, PT ¼ ft 0 ; t 1 ; …; t n g be a target probability distribution of a
shared node, and PV ¼ fv0 ; v1 ; …; vn g be a probability distribution
of a virtual node where n is the number of states of a shared node.
Then, we can get a proportional expression like Eq. (9) according
to Bayes’ theorem.
t 0 : t 1 : … : t n ¼ i0 Uv0 : i1 U v1 : … : in U vn

ð9Þ

We can get the ratio of PV for each state by solving Eq. (9).
t
PT
vi ¼ i ; PV i ¼ i
ii
PI i

ð10Þ

Modulation coefﬁcient that makes it as appropriate probability
calculates the probability distribution of a virtual node. Every
shared node has corresponding virtual nodes, and can propagate
its messages to the neighbor modules. Therefore, the result of
inference among the modules can be preserved using the virtual
linking method.

4. Inference with modular Bayesian networks
The inference process of MBN consists of multiple steps as
shown in Fig. 2. The raw data collector obtains continuous sensor
data and lifelog data from the smartphone (e.g., accelerometer,
gyroscope, time, schedule, and so on). The data are sent to the
preprocessor for discretization using algorithms such as decision
tree, naïve Bayes classiﬁer, etc. The data preprocessing aims to
reduce the time complexity of the BN modules. The number of
states of the input value increases the size of the CPT. MBN infers
the context, and ﬁnally the context-aware service mapper selects
the optimal services in this inferred context. In this paper, we
focus on how the MBN performs inference.
The MBN selects the target nodes that are needed to know in
accordance with the collected contextual information. A target
module contains a target node. When the target module is
selected, the system then selects the modules which need reinference. When the system conducts selective inference, it selects
modules which possibly affect target modules and change the
posteriori probability of the modules. This system stores the

Fig. 1. Probabilities to be set for virtual node in virtual linking method.
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4.2. Reliability of BN module inference
The followings are the cases that do not need re-inference.

 The collected data have already existed.
 There is no change of status value of BN because of low
variation of sensor data.

 Previous evidence value is used because of the missing value
caused by different collection periods.
In the ﬁrst and second cases, it is ﬁne to use the previous
inference result without re-inference. However, in the last case, we
cannot assure that the previous result can exactly reﬂect the
current contextual information. It is difﬁcult to synchronize the
information that is collected with the different data collection
periods in devices in mobile environment.
As an effective method to improve the inference result is
required, we utilize the power function f(t) to compute the
reliability of a BN module.
f ðt Þ ¼ aðt þ 1Þ  b

ð13Þ

In this equation, t means the inference time duration after the
last data collection, and a and b denote the forgetting coefﬁcients.
Each BN module has its own forgetting coefﬁcients and manages
the updated time for input node in the module.
The power function represents the memory reliability. With the
passing of time, memory reliability reduces exponentially and the
memory deterioration rate has strong relationship with forgetting
coefﬁcients as shown in Fig. 3. The probability of BN at current
time P in the third case is adjusted according to the information
reliability and the previous probability of BN.
RðP ðv ¼ trueÞÞ ¼ P ðv ¼ trueÞf ðt Þ þ Pðv ¼ f alseÞð1  f ðt ÞÞ
Fig. 2. Modular Bayesian network system with functional components.

previous module’s evidence set because the posteriori probability
of a module depends on the evidence set.
4.1. Selection of re-inference module
Each BN module saves the previous module’s evidence set ε
and posteriori probability of output node V out , P ðV out j εÞ. The
evidence-inference result H Ψ i can be represented in 3-tuple form
with evidence value and inference time as follows.



H Ψ i ¼ ε; P ðV out j εÞ; t j (εi a εj ; V out A V i
ð11Þ
Each H Ψ i has different evidence values. If there exist the same
evidence values, time t will be updated.
Modular BN selectively performs inference. The criterion of
performing re-inference is the difference that each BN module
makes to the inference result of the whole network. When each
BN makes difference to the whole network, modular BN will
perform re-inference. The necessity of re-inference for module
Ψ i is shown as Eq. (12). Whether performing re-inference or not is
decided according to the comparison of current observation
evidence value set and the stored I Ψ i set.
(
f alse; if (εi  εt ðεi A Q m Þ
IΨ i ¼
ð12Þ
true; otherwise
If the current evidence value set has already existed before and
there is no change with the parameter and structure, we use the
previous inference value corresponding to the current evidence
value set. In this way, we avoid re-inference with the same module
so to reduce operating computation.

ð14Þ

P(V ¼true) means the inference result of BN module, and f(t) is
the result of the power function. When forgetting coefﬁcient a is
bigger than 1, the value of P(v) is out of the range of (0, 1). In this
case, we adjust P(v ¼true) as Eq. (15).
(
P ðv ¼ trueÞ; if f ðtÞ Z 1
P ðv ¼ trueÞ ¼
ð15Þ
RðP ðvÞÞ; otherwise
Ebbinghaus was the ﬁrst to empirically investigate the properties
of human memory. The forgetting theory illustrates the relationship
between time and memory reliability. Recently, there are lots of
studies using power function or exponential function to represent
the forgetting curve, which can represent human memory reliability.
This theory is widely used in the ﬁeld of computer learning or neural
network learning to mimic human memory property.
4.3. Inference process
There are two factors that the system needs to consider. First, it
is the sequence of inference of modules. If the target module is
updated in the early stage it may fail to reﬂect posterior belief
from connected modules, resulting in inaccurate results. In order
to prevent such failure, the system does not update the target
module until related modules are updated. In other words, target
modules have the top priority and are updated in the end. The
related modules have the next priority. Next, the system conducts
calculation of inﬂuence score of each related module. The inﬂuence score is calculated by Eq. (16).
Inf luenceScoreðΨ Þ ¼ #ðV out Þ  #ðV in Þ

ð16Þ

where #ðV out Þ is the number of nodes that output the probability
to other module. #ðV in Þ is the number of nodes that input the
probability from other module. If two modules have the same
inﬂuence score, the module which has high inﬂuence score to
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the chain rule of Eq. (1). This algorithm repeats until the number of
Ψ R is null and calculates the probability of Ψ T .

affect modules has high priority.

X
#ðV out Þ  #ðV in Þ
Inf luenceScoreðΨ Þ ¼ Inf luenceScoreðΨ Þ þ
Ψi

ðV out ; V in A Ψ i ; 8 Ψ i ; with RðΨ i ; Ψ ÞÞ

ð17Þ

The other is selecting the re-inference module. When new
evidences are observed, the system decides whether this evidence
affects the posterior probability of target module or not. In addition,
the system considers the effect of time using power function. In this
way, we obtain the timely effective inference of MBN on ubiquitous
devices such as mobile phones or embedded sensors.
BN modules are selectively updated only when it has relevance
with the target modules in reverse order of precedence. The
relevance is determined by the existence of d-connection path
between them. With this method, local messages can propagate to
the whole MBN as if all of the modules are deﬁned in a monolithic
module, which reduces updating cost. Detailed algorithm is
described in Fig. 4, where the function of Set_Priority_Module selects
the target module and the related modules, the function of Sort_InferenceOrder sorts out the related modules using the calculation of
inﬂuence scores, the functions of Load_PreviousProbability and
Save_InferenceResult are used for reading the posterior probability
and writing the result of inference, respectively, and the function of
Update_Probability_Module infers with Bayesian network modules
and evidences. Each function calculates the probability by applying

Fig. 3. Change of memory reliability at each time.

5. Experimental results
To verify the proposed method, the experiments are conducted
in three parts. First, we measure the MBN’s accuracy with
sequential order of updating described in the previous section.
Second, we show that the selective inference method reduces the
time complexity of MBN compared to a monolithic BN using LS
algorithm. Finally, we compare the time consumption of the
designed MBN’s and the monolithic BN. In addition, we verify
the relationship of the forgetting coefﬁcients and error rate.
5.1. Performance evaluation
At ﬁrst, an experiment is designed to check the reliability of the
proposed MBN using three well-known BN’s (Alarm [22], Credit, and
Hailﬁnder [23]). We intuitively divided them into smaller units for
MBN with 6, 4, and 7 modules, respectively. The 10,000 evidence set
is generated based on the probability distribution of the monolithic
BN reﬂecting features in real world and target nodes are chosen
randomly among the variables without evidence. Also, we compared
six priority selection methods: (1) random order, (2) including
inference node and calculating inﬂuence score (the proposed
method), (3) based on rules “2” and “4”, (4) based on rules “3” and
“7”, (5) increasing order based on number of sharing nodes,
(6) increasing order based on number of nodes, (7) based on rules
“5” and “6”, and (8) decreasing order based on number of sharing
nodes. Fig. 5 shows the average error rates of a monolithic BN and
MBN’s for three benchmark problems for 1000 inferences. The
average error rate of the proposed method is 0.633%, which indicates
that the proposed method is reliable in inference as much as the
monolithic BN. The statistical t-test conﬁrms that there is no
signiﬁcant difference of performance between the proposed method
and the monolithic BN at the signiﬁcance level of 95%.
In addition, Table 2 shows the error rates according to the
change of the forgetting coefﬁcient b in the proposed method. The
error rate is calculated to compare the MBN’s with the power
function. The table shows the little decrease of the inference
reliability with smaller forgetting coefﬁcient b. When b is zero,
the posterior probability of the MBN is equal to that without the
power function; when b is one, the error rate is high.

Input: new evidence set
, target node T
Ouput: probability of target nodes
Set_Priority_Module (
)
= Select_TargetModule_by_Context (Ψ,c)
= Search_RelatedModule_by_TargetModule (Ψ,
Sort_InferenceOrder(

)

Repeat: Number of
== )
If (

==0

else if (

)

//The evidence is not collected at time t

in Queue

)

//The current evidence is equal to the previous evidence

= Load_PreviousProbability (

)
//The evidence is new
= Update_Probability_Module ( ,
)
Save_InferenceResult (
)

else

Update_Probability_Module (

)

Fig. 4. Pseudo code of selective inference.
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Fig. 5. Differences in posterior probabilities of target nodes between monolithic BN and MBN with different rules.

Table 2
Error rates according to the change of the forgetting coefﬁcient.
b

0

0.1

0.5

1

Error rate

0

0.013953

0.075153

0.138719

5.2. Inference complexity
We have compared the inference complexity of the monolithic BN
and the proposed method using Lauritzen Speigelhalter algorithm
[7]. The inference complexity is reduced by the number of modules d
as follows.
 k
n 2
n
3 n
ð18Þ
CMPX 0 ¼ O
k
þw
þ ðw þ 1Þr w d
d
d
d
We assume that the number of parent nodes k is 2, the
maximum clique size w is 2 and the number of different values
of node r is 2. Fig. 6 shows the change of inference complexity
according to the number of modules and nodes. The inference
complexity of the proposed method is very low compared to that
of the monolithic BN. In addition, the number of nodes is more
critical to affect the inference complexity in modular BN than that
of modules in Fig. 7. This ﬁgure shows that the inference complexity can be dramatically reduced through modularization as the
number of nodes increases.

Fig. 6. The comparison of inference complexity between a monolithic BN and
modular BN’s.

5.3. Usability of modular Bayesian networks
In this section, we show the usefulness of the proposed method for
a context-aware service in a mobile phone environment. With the
BN’s designed for schedule management as shown in Fig. 8, Table 3
compares the inference time in PC and mobile phone environments.
The BN’s are modularized through expert’s knowledge. As can be seen,

Fig. 7. The change of inference complexity of modular BN’s.
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there is obvious difference in inference time in PC and mobile phone
environments. We use the well-known Lauritzen Speigelhalter algorithm provided by SMILE library of Decision Systems lab. The mobile
phone used is Omnia (SCH-M490) made by Samsung, PC is equipped
with Intel Core 2 Duo E6750 2.66 GHz on Windows 7 and C# is used
for programming. Evidence set is randomly generated according to the
probability distribution of the monolithic BN as the experiment 1, and
updating is repeated for 1000 sets of evidences. The inference in
mobile phone environment takes 100 times more than that in PC
environment, regardless of monolithic BN or modular BN’s. The
monolithic BN is not suitable to be used in mobile phone environment,
because it takes too long time to perform inference effectively. In
addition, for the continuous and real time context inference, we have
to perform the inference repetitively, resulting in the serious resource
consumption and short battery life.
Compared with the monolithic BN, modular BN reduces about 72%
inference time regardless of the platforms. Especially, in mobile phone
environment, it reduces the inference time from 0.47 s to 0.13 s. The
complexity of BN changes in accordance with the number of nodes and
the number of connections. Modular BN reuses some previous inference
results so to avoid redundant inferences, leading to the reduction of
complexity. According to Eq. (18), inference is required as much as the
number of modules, which is much less than the original one. This

45

implies that mobile phone can provide users with faster response and
improve information usability by reducing the inference time.

6. Concluding remarks
This paper has presented modular Bayesian networks to
reduce the time complexity for inference. The reduction of time
complexity is a very important issue in Bayesian network in order
to be applied to real-work problems. We have proposed virtual
linking method to preserve inter-modular dependencies and
selective inference for effective updating of MBN’s. When a
module needs re-inference, it is sorted by including inference
node and calculating inﬂuence score. In addition, the method
considers the inference reliability using power function when the
collection of evidence is failed. The experiments veriﬁed that
MBN had advantage of low time consumption and inference
complexity, while the accuracy is only slightly deteriorated.
These issues are especially important in the devices that are
limited in computation power and resource.
For the future work, we will apply the proposed method to
several domains to conﬁrm the usefulness of the method. Furthermore, as it takes additional time to design the MBN’s by experts

Table 3
Time comparison of inference in PC and mobile device (second).
PC

Average inference time at once
Total value of 1000 inference

Mobile phone

Monolithic BN

Modular BN

Monolithic BN

Modular BN

0.004992
4.492

0.001341
1.341

0.475346
475.346

0.132902
132.902

Fig. 8. A simple MBN model which consists of 7 modules designed for schedule management.
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manually, we will devise a method to modularize the model
automatically, or semi-automatically, at least.
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